ABSTRACT Bacteria are not simply passive consumers of nutrients or merely steady-state systems. Rather, bacteria are active participants in their environments, collecting information from their surroundings and processing and using that information to adapt their behavior and optimize survival. The bacterial regulome is the set of physical interactions that link environmental information to the expression of genes by way of networks of sensors, transporters, signal cascades, and transcription factors. As bacteria cannot have one dedicated sensor and regulatory response system for every possible condition that they may encounter, the sensor systems must respond to a variety of overlapping stimuli and collate multiple forms of information to make "decisions" about the most appropriate response to a specific set of environmental conditions. Here, we analyze Pseudomonas fluorescens transcriptional responses to multiple sulfur nutrient sources to generate a predictive, computational model of the sulfur regulome. To model the regulome, we utilize a transmitter-channel-receiver scheme of information transfer and utilize principles from information theory to portray P. fluorescens as an informatics system. This approach enables us to exploit the well-established metrics associated with information theory to model the sulfur regulome. Our computational modeling analysis results in the accurate prediction of gene expression patterns in response to the specific sulfur nutrient environments and provides insights into the molecular mechanisms of Pseudomonas sensory capabilities and gene regulatory networks. In addition, modeling the bacterial regulome using the tools of information theory is a powerful and generalizable approach that will have multiple future applications to other bacterial regulomes.
hunt their prey in coordinated packs (1, 2) , communicate with one another across biofilms using electrical signals like a primitive nervous system (3, 4) , and select molecular compounds from an array of secondary metabolism biosynthetic pathways to stun prey, escape predators, or manipulate eukaryotic organisms (5) (6) (7) (8) (9) (10) (11) (12) . These activities highlight the abilities of bacteria to collect data from their surroundings, to store and process that information, and to use it to adapt its behavior to maximize fitness in their environment (13) . This capacity for information processing is fundamental to understanding how bacteria survive in complex environments and respond to stimuli.
Our appreciation of bacteria as cognitive entities has continued to grow as a consequence of our increased understanding of the complex regulatory networks that drive a bacterium's interaction with its environment and with other organisms (13) (14) (15) (16) (17) . While a significant number of regulatory circuits have been identified in a range of living organisms (18) (19) (20) , the understanding of how these regulatory circuits form an architecture that supports bacterial information processing and decisionmaking remains elusive. As our view of bacteria evolves with respect to their role as information computing systems, new opportunities to model bacterial networks in terms of the collection, storage, and application of data become available (15, 17, 21, 22) . Using the powerful and well-developed metrics and methods from information theory allows us to consider bacteria as possessors of data as well as metabolizers of nutrients. Here, we apply common tools and metrics for modeling and quantifying the flow of information in a bacterial regulome. The regulome is the set of interacting components of a cell that links information sensing to gene and protein function regulation and may include networks of genes, genomic regulatory elements, proteins, and RNA molecules (23, 24) .
The sulfur regulome is defined here as the set of sensors, transcription factors (TFs), and regulated genes responding to various levels of sulfur nutrient availability and sulfur starvation. Pseudomonas fluorescens is a useful laboratory model for the investigation of regulome networks as it is a genetically tractable organism, enabling direct interrogation of the regulatory circuits controlling responses to environmental sulfur sources. We propose that the P. fluorescens sulfur regulome can be modeled using results from laboratory manipulation of the P. fluorescens sulfur nutrient environment and regulatory circuits to build and test our models. We consider the ability of the soil bacterium P. fluorescens to detect and adapt its transcriptome in response to the presence of a variety of sulfur compounds as a consequence of the flow of information through a transmitter-channel-receiver data transmission scheme for the sulfur regulome. By utilizing the tools and metrics of information theory-specifically, those of Shannon's entropy, Hamming distances, data compression, and a transmitter-channelreceiver model of information transfer-we gain the capacity to quantify the flow of information in biological regulatory systems and to use those metrics to gain novel insights into biological regulatory systems.
In this investigation, P. fluorescens SBW25 grown in rich medium was shifted into minimal medium containing a variety of compounds used as sole sulfur sources and relative growth levels were measured as well as transcriptional responses at one selected time point during this adaptation. A model of the sulfur regulome was generated from transcriptomic data that predict transcriptomic expression patterns in response to chemoinformatic attributes of sulfur nutrients, by means of analysis of the expression profiles of 14 sulfur regulome-associated TFs. The relevance of selected TFs to the sulfur regulome was validated using gene-knockout mutants. Analysis of our generated model indicates that metrics and concepts drawn from information theory can accurately predict biological observations and provide insights into the predicted molecular mechanisms of environmental sensing and response in bacteria.
RESULTS AND DISCUSSION
P. fluorescens growth depends on the sulfur nutrient. The following nine sulfur sources were selected to represent a wide variety of molecular classifications: sodium sulfate (a sulfur containing ion), 2-aminoethyl hydrogen sulfate (a linear sulfate), taurine (a linear sulfonate), L-methionine and L-cysteine (amino acids), ␣-keto-␥(methylthio)butyric acid (thioester), potassium 4-nitrophenyl sulfate (aromatic sulfate), L-methionine sulfone (an organosulfur compound with a modified S-group), and glutathione (a complex sulfurcontaining molecule). An additional "no-sulfur" condition was also considered.
Pseudomonas minimal media (PMM) was modified to lack sulfur and was supplemented with an excess of each of the nine compounds as the sole sulfur source. Cultures of P. fluorescens SBW25 were grown in rich Luria broth plates (LB; 10-g/liter tryptone, 5-g/liter yeast extract, 5 g/liter NaCl), and cells were washed, diluted, and inoculated into minimal media containing a single sulfur source. To resume growth after this shift, cells must adapt to the minimal medium condition and utilize the only sulfur source available. We monitored growth (optical density at 600 nm [OD 600 ]) over time, measuring the lag phase before growth resumed, the growth phase, and the OD 600 after 48 h (Fig. 1) . In the absence of a sulfur source, an extended phase of slow growth was observed, presumably corresponding to a sulfur-sparing response in which sulfur that had accumulated during growth in rich medium was reallocated to sulfurcontaining amino acids to support cell growth. In contrast, the presence of a sulfur source triggered a distinct phase of accelerated growth after lag phases of various durations ( Fig. 1A and C) , reflecting an adaptation of the cell metabolism to utilize the available sulfur source. The coefficient of variation of OD 600 at 16 h after the shift was 43.4%, indicating a wide diversity of growth phenotypes at this time point. The cultures supplemented with methionine sulfone exited a long lag phase and initiated growth, while cultures supplemented with other sulfur sources had already transitioned to rapid growth, including for L-cysteine. After 48 h, growth under all medium conditions had reached a stable plateau. The coefficient of variation of growth at 48 h was 8.4%, indicating that all sulfur medium conditions had eventually reached similar ODs, the control without added sulfur reproducibly showing the lowest level.
From these observations, we can conclude that P. fluorescens SBW25 is capable of utilizing all selected sulfur sources, albeit with different efficiencies. Most sulfur sources were detectably utilized 8 to 9 h after the shift and promoted faster growth and higher maximal OD than were seen with the control without sulfur. Interestingly, L-methionine sulfone and, to a lesser extent, L-cysteine appear to extend the lag phase by inhibiting growth relative to the no-sulfur control before being detectably utilized and promoting faster growth. These responses are consistent with cells sensing the sulfur source, inhibiting the response observed in the control (i.e., the sulfur-sparing response), and triggering an adaptation of the cellular metabolism to utilize it. Thus, the diversity in growth phenotypes likely reflects adaptive responses that can be associated with sulfur source-specific patterns of gene regulation. To study these adaptive responses, we have selected 16 h after the shift as the time point for sampling the bacterial transcriptome and capturing the specific gene expression patterns associated with adaptation to each sulfur source.
Specific transcriptomic responses to sulfur nutrients. The transcriptomes were collected from P. fluorescens cells cultured using the sulfur supplement conditions as described above, albeit they were collected from larger (25-ml)-volume cultures. A total of 327 genes were identified by analysis of their statistically significant differential expression (DE) (false-discovery-rate [FDR]-adjusted analysis of variance [ANOVA] P value of Ͻ0.05). The clusters of orthologous groups (COG) annotation categories (25) identified as significantly enriched in the set of DE genes relative to the annotated genome (P value of Ͻ0.05, calculated as a hypergeometric distribution) were "amino acid transport," "posttranslational modification," "energy production," "lipid transport," and "secondary metabolism." Categories of COG annotations significantly depleted in the set of DE genes were "signal transduction" and "cell motility."
Of the 327 DE genes, 14 are annotated as TFs (Table 1) . These TFs belong to the following TF protein families: PFLU2455, AraC family; PFLU1958, PFLU3460, and PFLU4596, GntR family; PFLU0548, PFLU3260, PFLU4291, and PFLU5186, LysR family; PFLU3284, PFLU4781, and PFLU5852, TetR family; PFLU3257, putative ArsR family; PFLU4114, putative AsnC family; and PFLU2053, a predicted redox-sensitive transcriptional activator. A TF can regulate gene expression through direct interaction with a DNA motif near or within regulated genes and can also influence the expression of additional genes through indirect regulatory mechanisms, such as regulation of posttranslational modification, in the cell. As both types of regulation can be biologically relevant, we considered here that a gene is "regulated" by a transcription factor if the patterns of expression are strongly correlated across all conditions tested (calculated as described in Materials and Methods). The 14 TFs are predicted to regulate the remaining 313 DE genes. A breakdown of the numbers of regulated genes is shown in Table 1 .
The sulfur content of proteins encoded by the expressed genes is proportionate to bacterial growth. The proportion of the transcriptome that codes for sulfurcontaining amino acids can be estimated from transcriptomic data and the predicted protein sequence of transcribed genes (as described in Materials and Methods). Differentially expressed genes coded for proteins that have average sulfur content (3.57%) similar to that of proteins coded by genes not differentially expressed (3.36%). There was a positive correlation (Pearson correlation coefficient [PCC] value of 0.60 [P value less than 0.05; calculated as 10,000ϫ bootstrap]) between the total sulfur content of predicted expressed proteome and the relative growth of bacterial culture. While protein abundance is not necessarily proportionate to the level of gene expression, this observation suggests that a lower level of assimilation of the sulfur source, indicated by reduced growth, may be associated with sulfur-sparing responses in which bacterial cells downregulate genes for proportionately sulfur-rich proteins. Such a sulfur-sparing [ID] and gene family), a profile of differential expression across sulfur nutrients is shown, with significant differential expression (two-tailed t test [compared to "no-sulfur" growth conditions]) marked as "D" (decreased expression), "I" (increased expression), or "N" (no change in expression) (see Materials and Methods). "# Co-regulated" indicates the number of genes identified as potentially regulated by transcription factor. Data in the "Shannon Entropy" column were calculated as the amount of information, defined as the number of possible sulfur nutrients, that is provided by a significant change in transcription factor expression. Transcription factors in bold were selected for deletion.
response has been well characterized in yeast (26) . This observed link between sulfur assimilation and global regulation of the sulfur content of the bacterium's proteome is a strong indication of the broad regulatory capacity of the sulfur regulome.
Model P. fluorescens SBW25 regulome as transmitter-channel-receiver. Information transfer can be modeled as being comprised of three components (27) : information is detected and collected by a transmitter and then encoded into a more compact form and passed along via a (potentially noisy) channel; the information from the channel is collected by a receiver; and the original message is reconstructed (Fig. 2 ). This transfer of information can be lossless, if the recovered data are identical to the original data, or lossy, if the data cannot be exactly recovered and if some information is lost. In using the model of information transfer to describe a bacterial regulome, specific biological mechanisms are proposed to fulfill the functions of transmitter, channel, and receiver. Here, the information being conveyed is the composition of nutrients in the extracellular environment. It is unlikely that bacteria possess a specific sensor for every possible nutrient that they may encounter. Therefore, we propose that bacteria have a "transmitter" comprised of multiple membrane-bound sensors with overlapping activities that, by acting in coordination, accurately discern far greater numbers of environmental conditions than they has sensor proteins. In the model, we represent this capacity by considering compounds in the environment to be vectors of chemoinformatic attributes, allowing a potentially great number of possible molecules to be described by relatively few features. The role of the "channel" in bacterial systems involves protein-DNA interactions, as TFs bind to their cognate regulatory elements in the genome. In this fashion, information about the extracellular environment can be symbolically encoded and stored through protein-DNA binding interactions. The "receiver" in this system is the gene expression output, brought about by the binding/ release of transcription factors that modulate expression patterns for genes, ultimately optimizing fitness for the nutrient environment.
The methods of construction of the transmitter, channel, and receiver components of the regulome model are described separately below. In the last section, the individual elements are combined in a predictive, system-scale model of the regulome.
The transmitter: expression of the sulfur nutrient environment as a vector of chemoinformatic attributes. Our model of the sulfur regulome presumes that P. fluorescens collects information from its environment, not as the presence or absence of specific sulfur compounds but rather as assemblages of key chemical features present in the extracellular environment. The sulfur nutrients used in this experiment can be described as vectors of chemoinformatic attributes that can be grouped into atoms, bonds, functional groups, and molecular characteristics. This approach provides the model with powerful extrapolative abilities. By defining a nutrient as a vector of attributes rather than as a distinct chemical entity, new nutrients that were not used in model training sets can be considered by describing new nutrients as recombinations of the attributes used in the training set. Twenty-five chemoinformatic attributes were selected to represent the 9 sulfur nutrients used in our experiment as follows: 5 atoms, 13 molecular bonds, 4 functional groups, and 3 molecular characteristics ( Table 2) .
The channel: environmental conditions encoded as TF expression profiles. The channel in our model is described as using DNA-protein binding interactions of TFs to encode information about cell environmental conditions. Here, we consider the expression level of a gene encoding a TF and presume that increased expression of a TF will result in a proportionately greater frequency of binding of the TF to the chromosome. Although this assumption represents a simplification of the complexity of biological regulatory circuits, it allows us to use the measurable level of TF expression as a proxy for DNA-protein regulatory interactions in a context where the regulatory interactions taking place in the cell remain poorly characterized.
(i) A unique TF expression pattern "code" indicates the identity of a sulfur nutrient. Our proposition that multiple transcription factors encode information regarding extracellular environmental conditions implies that there must be a unique profile of transcription factor expression that corresponds to each sulfur nutrient. Indeed, the patterns of significant differential expression (DE) of transcription factors (Table 1) can be viewed as bar codes that are unique for each sulfur nutrient, thereby allowing association of specific sulfur nutrients with patterns of transcription factor expression.
(ii) Gene knockout experiments indicate that identified TFs are active players in the sulfur regulome. While 14 TFs were identified as differentially expressed in response to sulfur nutrient conditions, all those TFs may not be specifically controlling a response to a sulfur nutrient. For example, some transcription factors may have more general roles associated with different growth rates. To validate that the identified TFs play a role in the Pseudomonas sulfur regulome, we generated knockout mutants for half of them (Table 1) . Of the 14 TFs, 7 were selected to represent a broad range of transcription factor families, medium-specific gene expression patterns, and Shannon's entropy levels, namely, PFLU2053, PFLU2455, PFLU3460, PFLU4782, PFLU5187, PFLU5853, and PFLU4597. Gene deletions were generated by homologous gene replacement and verified. TF-knockout mutants were grown on the set of 9 sulfur sources, and growth profiles were monitored.
There are three anticipated outcomes of a transcription factor knockout: (i) no effect on bacterial growth, suggesting that the transcription factor is not relevant to the sulfur regulome; (ii) negative effects on bacterial growth that are independent of the sulfur source, suggesting that while the transcription factor is generally important to growth or metabolism, it is not necessarily associated with any of the environmental conditions that we tested; and (iii) changes in mutant growth relative to the wild type that are specific to the combination of sulfur source and transcription factor knockout, indicating that those TFs are part of the sulfur regulome.
The results for mutant growth on sulfur media are summarized in Fig. 3 and are presented in full in Fig. S1 in the supplemental material. The changes in OD 600 at 16 h and in lag time duration for each sulfur media were compared for each mutant relative to the wild type under the same conditions. Interestingly, growth without sulfur at 16 h was significantly reduced in 6 of the 7 knockout mutants, suggesting that TFs are principally responsible for cell adaptation to the shift from rich to minimal media with a single sulfur source. There was a unique, medium-specific effect on growth at 16 h and on lag times for each sulfur regulome-associated TF analyzed. A TF knockout's effect on growth at 16 h is not necessarily correlated with a change in lag time. No knockout mutant had a significant effect on growth under L-methionine sulfone conditions. However, the deletion of PFLU2455 caused a significant decrease in lag times for cultures in L-methionine sulfone and L-cysteine. There was no significant change in either growth at 16 h or lag time for growth in sodium sulfate media for any knockout mutants, indicating that the regulatory circuits perturbed by this experiment are mainly relevant for the organosulfur regulome. From this, we can conclude that for each knockout mutant, medium-specific changes in bacterial growth and lag times were observed, supporting anticipated outcome iii above and suggesting that all TFs selected for validation were actively contributing to the sulfur regulome. Interestingly, some knockout mutations resulted in increased growth relative to the wild-type strain, suggesting that the deregulated genes in the knockout mutant affected directly or indirectly the adaptation to minimal media and utilization of the sulfur source, which was nonlimiting under our conditions. An indirect effect may be that a TF activated genes that compete with the utilization of the sulfur source for coping with a particular stress (e.g., redox stress). In such a case, the sulfur source not only provides a nutrient that fuels the metabolism of the wild-type bacterium but also provides information about the environment that is used by the cell to maximize its fitness, which does not necessarily imply maximizing its growth rate.
(iii) Vector of chemoinformatic features predicts TF expression patterns. The expression level of each TF can be described as a mathematical function of the chemoinformatic attributes of the available sulfur source. A leave-one-out cross-validation (LOO-CV) approach was used to train the models of TF expression, and only the validation results are presented here. The overall correlation between predicted and observed TF expression profiles across all medium types was significantly high (PCC ϭ 0.82, LOO-CV P value less than 0.05 in 10,000ϫ bootstrap analyses). Considering the results for individual sulfur sources, correlations between predicted and observed patterns of TF expression were also significant for all sulfur medium types except glutathione (Fig. 4) .
There are many possible reasons for the comparatively poor prediction of TF profile for glutathione. Glutathione is known to have multiple roles in redox signaling, protection from various stresses, and posttranslational modification of proteins in Proteobacteria (28, 29) , including Pseudomonas. These roles may be indirectly related to the utilization by cells of glutathione as a sulfur nutrient and may not be apparent in the data collected from our simple experimental design, which did not include redox stress. Additionally, glutathione is an outlier for 17 of the 24 chemoinformatic features (Table 2) , which might make predictions for glutathione more difficult in utilizing a LOO-CV scheme.
The receiver: environmental condition information decoded as gene expression patterns. The receiver element of our model of the sulfur regulome translates the information that is encoded as TF expression profiles into the transcriptome expression patterns specific to a cell's environmental conditions.
The correlations between the observed gene expression levels and the gene expression levels predicted as a function of TF expression profile were significant for every sulfur source (LOO-CV P value of Յ0.05 in 10,000 bootstrap analysis) and had an average PCC value of 0.77 (Fig. 4) . Correlations between the predicted and observed gene expression patterns were lowest for 2-aminoethyl hydrogen sulfate and highest for sodium sulfate. Interestingly, the predicted gene expression patterns for the 313 significantly differentially expressed (SDE) genes with 2-aminoethyl hydrogen sulfate were poorly accurate relative to the predicted expression pattern of the 14 sulfurrelated TFs. This result suggests either that TFs important for the adaptive response to 2-aminoethyl hydrogen sulfate are not present in the 14 sulfur regulome-related TFs used in this model or that there are posttranscriptional regulatory mechanisms involved in response to 2-aminoethyl hydrogen sulfate.
What is gained from modeling the sulfur regulome using the transmitterchannel-receiver scheme? Predictions of TF expression profiles as functions of chemoinformatic attributes and gene regulation patterns were found significantly correlated with biological observations. However, we must now ask the following question. Does the incorporation of the transmitter-channel-receiver concept in the model of the regulome lead to greater predictive power or biological insight than a simpler approach that does not use such a scheme?
(i) Incorporation of the transmitter-channel-receiver structure into the regulome model improves predictions of gene expression patterns. To validate the use of the transmitter-channel-receiver scheme, we have constructed a gene regulatory model that does not use this structure. The gene expression pattern was calculated directly as a function of chemoinformatic attributes, without considering the intermediate level of the TF expression profile. Models were trained using a LOO-CV approach identical to that used for the prediction of gene expression patterns as a function of TF expression. As with the transmitter-channel-receiver scheme model, only validation data are considered to represent a metric of model prediction accuracy. The overall value corresponding to the PCC between predicted and observed gene expression patterns was 0.44, which is lower than the overall PCC value of 0.77 for predicting gene expression patterns using the model incorporating the transmitter-channel-receiver scheme. Incorporation of the transmitter-channel-receiver structure into the model provides relevant biological information to the model and generates better predictions of the observed gene expression patterns than a model that disregards this proposed biological structure.
(ii) The information content of TF expression is proportionate to the number of genes that it regulates. The Shannon's entropy value represents quantification of the expected value of the information contained in a message, measured as the reduction of uncertainty. In this case, the "message" is defined as an observed, significant change in TF expression and a change in expression of a TF reduces the uncertainty regarding the bacterium's nutrient environment. The set of calculated Shannon's entropy values for each TF can be found in Table 1 . Using data from Table 1 , a significant positive correlation between the Shannon's entropy value for a TF and the number of genes that it regulates is observed (PCC ϭ 0.78, P value Յ 0.05, calculated as 10,000ϫ bootstraps). This result suggests that TFs that encode more information about the extracellular environment tend to regulate (directly and/or indirectly) a greater number of genes, which may be a general characteristic of information processing in regulatory networks.
(iii) A robust method of encoding environmental information. If the biological networks can be modeled as the flow of information, then we might expect that the method of coding environmental conditions as patterns of TF-DNA binding interactions should be robust against channel noise. Considering the patterns of TF profiles in Table 1 , the average value for the Hamming distance (30) between TF expression patterns is 4.7. This Hamming distance result means that, on average, about 5 transcription factors (36% of all of the sulfur regulome-associated TFs) would have to be altered with respect to their regulation before one sulfur nutrient could be mistaken for another. This indeed exhibits an encoded signal of TF expression patterns that is robust against channel noise.
(iv) Drawing biological inferences from a visualization of the model of the sulfur regulome. The transmitter-channel-receiver scheme for depicting the regulome increases the accuracy of gene expression profile predictions and enables the application of metrics from information theory (i.e., Hamming distance, Shannon's entropy) to the model for the quantification of information flow in the regulome. However, can this model be used to make biological inferences with respect to the molecular mechanisms of the regulome? To engage a biological analysis of the model, we have generated a visualization of the regulome suitable for direct interpretation, as described below.
The three components of the Pseudomonas sulfur regulome, i.e., the transmitter, channel, and receiver, can be combined to form a single, system-scale model of the sulfur regulome. The interactions between the vector of sulfur source chemoinformatics features and the TF expression profile were generated as a set of evolutionary algorithm-derived equations. A network visualization was generated such that the parent nodes of transcription factors were those chemoinformatic attributes used in the model equations. Those equations were used to generate a network in which every node in the network is a child of the specific features (i.e., chemoinformatic attributes of the transcription factor expression level) in the function that describes its relationship to its parent nodes. The visualization of the network comprising all the links between TFs and the 313 genes whose expression patterns most closely correlate with them results in a network too dense for easy visual inspection. Therefore, we used a different approach to visualize interactions between transcription factor expression profiles and regulated genes. We calculated the Pearson's correlation coefficient (PCC) values corresponding to the gene expression patterns of the 14 transcription factors and the remaining 313 significantly differentially regulated genes. Genes were grouped into sets that were coregulated with the sulfur regulome-associated TFs. A visualization of the Pseudomonas sulfur regulome network is shown in Fig. 5 .
Three TetR family TFs (PFLU3284, PFLU4781, and PFLU5852) exclusively regulate genes annotated as "metabolism" related, with the largest subgroup within metabolism being "amino acid transport and metabolism." TetR family TFs are also the only transcription factors predicted to be regulated by the chemoinformatic attributes of C-S and C-O bonds, which are predicted to play an important role in the sulfur regulome. The members of the TetR family of transcriptional regulators are one-component signal transduction systems, in which a ligand binds directly to the transcription factor to regulate transcription factor activity. TetR family members are known to bind to a wide range of ligands and to regulate a variety of biological functions, including antibiotic resistance, metabolism, and quorum sensing. From the results of this model, we hypothesize that transcription factors PFLU3284 and PFLU5852 directly bind sulfurcontaining nutrients or amino acids. Note that at the time of writing, there was no available molecular characterization of these proteins to support our hypothesis.
The network can be examined to identify the portions of the regulome that are predicted to respond specifically to sulfur. In a subnetwork that is poorly connected to the rest of the network (Fig. 5) , the bond between a sulfur atom and an oxygen atom uniquely drives the expression of TetR family TF PLU5852 and regulates genes annotated as "inorganic ion transport" genes. This subnetwork suggests that a portion of the regulome is devoted to detection of and response to sulfates (i.e., 2-aminoethyl hydrogen sulfate, potassium 4-nitrophenyl sulfate, and sodium sulfate). The number of atomic bonds between sulfur and hydrogen atoms is found to drive the expression of the members of GntR family PLU1958 and LysR family PFLU5186 TFs.
The nonsulfur components of the selected nutrient molecules also have a predicted effect on the regulome. In fact, sulfur itself is not the most significant factor that drives gene expression patterns in this regulome, indicating that the "sulfur regulome" in fact incorporates interactions with a wider array of biological functions than the incorporation of sulfur into metabolism. The chemoinformatic attributes that are the largest drivers of the complete regulome, identified as the number of child nodes in the network, are the numbers of C-N bonds and the counts of atomic nitrogen in the nutrient. The genes associated with "carbohydrate transport and metabolism" appear exclusively regulated by the chemoinformatic attributes consisting of C-O and C-N bonds and C atoms through the action of members of LysR family TF PFLU0548. This suggests that while sulfur may influence a broad range of biological functions, carbon and nitrogen present in the media primarily affect metabolism.
Summary. We have utilized a transmitter-channel-receiver scheme to model the P. fluorescens sulfur regulome. The input to this model is a vector of chemoinformatic attributes that can be used to potentially describe a wide range of organosulfur compounds. While this analysis does not provide evidence that the chemoinformatic features chosen for the model are related to the features that P. fluorescens actually utilizes to recognize environmental nutrients, our results support the general hypothesis initially proposed: the bacterial regulome responds to a complex environment through a set of overlapping sensor functions that integrate environmental data to drive specific patterns of gene expression. The unique expression profiles of 14 TFs can be linked to 1 of 10 possible sulfur nutrient environments and to predict the expression patterns of hundreds of other genes. The prediction of gene expression patterns is more accurate using a model that considers a transmitter-channel-receiver scheme than one that attempts to predict gene expression directly from extracellular chemoinformatic features, implying that there is indeed both utility and biological relevance in the structure of the computational model.
Our model allows one to formulate some specific hypotheses about the environmental attributes used by P. fluorescens, and these could be tested experimentally in the future. For example, we have previously described a combination of biophysical and biochemical assays to identify the ligand binding specificity of proteins (31) (32) (33) that could be directly applied to characterize the ligands of our selected transcription factors. Further validation of the sulfur regulome model could be achieved by collecting transcriptomic data from our transcription factor knockout mutants across sulfur sources. In addition, the model allows one to understand how to introduce additional biochemical strategies ("knock-in" of function) that would allow the utilization of a new panel of nutrients. A means of understanding how a bacterium parameterizes and regulates the utilization of common environmental nutrients, such as is provided by our modeling approach, is needed to enable engineering approaches to utilize advanced strains for conversion of exotic feedstocks in biomanufacturing processes.
These observations have general significance with respect to our understanding of and ability to model complex bacterial regulomes. We propose that bacteria undergo continuous evolutionary pressure to maximize error detection/correction across potentially noisy channels and to maximize the information content of informationcontaining interactions while minimizing the number of discrete biological elements (e.g., proteins, genes, DNA binding motifs) required for the collection, storage, and manipulation of information. We additionally propose that maximizing data compression also represents an evolutionary pressure that shapes bacterial regulomes. While it could be trivially calculated that, in the computational model, 14 TFs can effectively encode 25 chemoinformatic features (1.8-fold data compression) or that 14 transcription factors encode the expression features of 313 genes (22-fold data compression), it is not a metric that is likely to provide meaningful biological insights into the sulfur regulome. Nonetheless, it is likely that efficient data compression plays a role in the regulome. For example, considering only three possible states ("upregulated," "downregulated," and "no change" in expression) per transcription factor, the total possible number of nutrients that could be encoded by 14 TFs is (3 14 ϭ) 4,782,969. Extrapolating from this, it is easy to see how a bacterium could potentially store information on high numbers of potential environmental conditions utilizing a relatively small number of TFs. Application of information theory and implementation of quantifiable metrics with respect to the design and optimization of proposed biological regulatory networks will provide vital tools for the understanding, computational modeling, and rational engineering of bacterial regulomes. This understanding is required for optimization of any strain that is planned to be used for conversion of complex feedstocks in biomanufacturing strategies.
Generation of TF knockout mutants. Selected genes encoding transcription factors were deleted from the P. fluorescens SBW25 genome by homologous recombination as represented in Fig. S2 . Briefly, regions of~1 kb in length flanking the targeted transcription factor coding region were PCR amplified using SBW25 genomic DNA as the template. Target-proximal primers were extended with 15-bp to 20-bp sequences complementary to a DNA cassette carrying tetracycline resistance genes (37) . The two genome fragments and the cassette were joined by assembly cloning methods. Electroporation was used to transform the resulting linear DNA fragments into SBW25 cells expressing RecET-like phage recombinases from a plasmid. The expressed recombinases stimulated the homologous recombination of the targeted gene with the antibiotic cassette in a reaction similar to that previously described for Pseudomonas syringae (38, 39) , resulting in replacement of the targeted sequence with the antibiotic resistance genes on the host chromosome. The primers used to construct the mutants are described in Table S2 . A Bio-Rad Gene Pulser Xcell system (Bio-Rad, Hercules, CA) was used with settings for P. aeruginosa (25 F, 200 ⍀, 2,500 V) for all transformations performed with SBW25. Transformants were selected on solid LB media containing 15 g/ml tetracycline, after which gene replacement was verified by colony PCR and two independent isolates were cured of the recombinase plasmid prior to further characterization. For each isolate, a 5-kb-to-6-kb region encompassing the homologous integration site was PCR amplified and sequenced. Single base pair changes were found sporadically in regions corresponding to primer sites, suggesting that mutations were most likely introduced by the use of synthesized DNA primers. In contrast, no mutations were detected in the flanking chromosomal coding regions.
Analysis of transcriptomic data. Gene expression levels were calculated from RNA-seq reads using "BowStrap" (40) and predicted gene coding sequences of SBW25 (34, 35) . BowStrap performs a bootstrap analysis on the output of the short-sequence-aligning program "Bowtie" (http://bowtie-bio.sourceforge .net/index.shtml). In BowStrap, both unique and multiply aligned reads are considered as a means of generating a measure of gene model expression with accompanying data representing confidence interval and statistical significance of expression.
Transcriptome data are presented as log 2 values determined for the number of aligned reads per 1,000 base pairs of gene per million aligned sequence reads (reads per kilobase per million [RPKM] values) and were normalized by quantile normalization (41) . The complete set of gene expression data is available in the supplemental material.
Statistically significant differential expression (DE) of genes was determined by ANOVA in MeV4 (http://mev.tm4.org) with P values calculated from 10,000 permutations, and the data were adjusted for false-discovery rate (FDR) by the use of the Bonferroni method (42) . An FDR-corrected P value of 0.05 was used as the threshold for significant differential gene expression. The complete set of normalized RPKM gene expression data can be found in Table S3 .
Fourteen of the genes identified as showing DE by ANOVA are annotated as TFs. As ANOVA considers differential expression as a function of variance within a treatment relative to variance across all observations, ANOVA cannot provide a measure of fold change relative to a reference condition. To calculate a relative fold change value for TF expression patterns, an additional level of DE was calculated. Fold change and the significance of fold changes for the 14 ANOVA-identified TFs were calculated relative to the "no-sulfur" medium condition using the 2-tailed t test (P value Ͻ 0.05).
Annotations of clusters of orthologous groups (COG) of proteins (25) were used to determine whether subsets of SDE genes were enriched for biological functions. Enrichment for specific annotation was determined using P values, calculated as 1 minus the hypergeometric distribution relative to the total number of genes with that annotation in the complete SBW25 genome. A threshold of a P value of less than 0.05 was used for statistical significance determinations.
Prediction of the percentage of sulfur-containing amino acids in a proteome from transcriptomic data. The sulfur content of the predicted Pseudomonas proteome was estimated from transcriptomic data. The following formula was used for predicting proteome sulfur content:
where m is the total number of genes in the P. fluorescens genomes, Gene i is the normalized bootstrapped RPKM expression of gene i, SulfurousAA i is the number of sulfur-containing amino acids (i.e., cysteine and methionine) in the protein coded by gene i, and TotalAA i is the total number of amino acids in the protein coded by gene i. Identification of the genes controlled by sulfur regulome TFs. To identify the genes potentially regulated directly by a change in expression of a TF, we calculated the PCC values of gene expression using comparisons between the set of 14 TFs and the remaining 313 DE genes. We considered a gene to be potentially directly regulated by a TF if the PCC value of the pair was greater than the average plus 1 standard deviation of all PCC values. The coregulation of a TF and a gene does not necessarily require that the TF directly controls the expression of the gene.
Calculation of Shannon's entropy associated with each TF. Shannon's entropy is a quantification of the expected value of the information contained in a message, measured as the reduction of uncertainty. In this case, the "message" is defined as an observed, significant change in TF expression. Differential expression of a TF (by ANOVA) reduces the uncertainty regarding the bacterium's nutrient environment. A change in TF expression is defined as a statistically significant result (2-tailed t test P value less than 0.05) relative to expression in sodium sulfate growth condition. For example, a significant change in expression in TF PFLU4596 in this experiment indicates that the nutrient present in the environment is 2-aminoethyl hydrogen sulfate or cysteine or potassium 4-nitrophenyl sulfate, reducing the uncertainty regarding the environment from nine possible messages describing environmental conditions to three. For this experiment, the Shannon's entropy ⌯ value for a TF is calculated as follows:
where n is the number of possible sulfur nutrients associated with a significant change in TF expression. Generation of a model of the sulfur regulome. There are two main components of the sulfur regulome model: (i) modeling the TF profile as a function of sulfur nutrient chemoinformatic attributes and (ii) modeling gene expression as a function of the TF profile. For modeling, all sulfur nutrient chemoinformatic attributes and gene expression levels were normalized to arbitrary values between 1 and 100. All models were calculated using leave-one-out cross-validation (LOO-CV), a special case of a K-fold cross-validation. Only the results from the validation sets are presented here.
(i) TF expression as a function of sulfur nutrient chemoinformatic attributes. In the first part of the proposed model of the sulfur regulome, environmental information detected by the receiver is encoded into a TF expression profile in the channel. The relationship can be defined as follows:
where TF j is the expression level of TF j and Chem 1Ϫ25 is the vector of the 25 chemoinformatic attributes for a sulfur nutrient condition. The program "Eureqa" (Nutonian, Boston, MA) was used to generate equations that best fit the observed data. "Eureqa" is an artificial intelligence (AI) modeling engine that uses an evolutionary algorithm approach to finding optimized equations to fit experimental data using a userselected set of allowed mathematical operations. The operators constant, addition, subtraction, multiplication, and division were used, and the equation fitting was allowed to continue until the values corresponding to equation "stability" and "maturity" each exceeded 90%. The set of equations describing TF expression profile as a function of environmental chemoinformatic attributes can be found in Table S4 .
(ii) Gene expression as a function of the TF expression profile. The set of genes regulated by the sulfur regulome in the receiver can be described as a function of TF profile of the channel using the following equation:
where G i is the expression level of gene i, c i is a constant associated with gene i, TF j is the expression of TF j in the set of TF max number of TFs, and w i,j is the weight of the effect of TF j on gene i. The set of edge weights describing gene expression as a function of TF expression profile can be found in Table S5 . As a control method, gene expression patterns were also described directly as a function of chemoinformatic attributes as follows:
where Chem max is the number of chemoinformatic attributes and w i,k is the weight of the effect of chemoinformatic feature k on gene i. Equations were solved as a set of underdetermined linear equations using QR decomposition (where Q represents an orthogonal matrix and R represents an upper triangular matrix) for solving linear least-square equations in "R." The set of edge weights describing gene expression as a function of chemoinformatic attributes can be found in Table S6 .
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